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Abstract Classical propositional logic is an appealing option for modelling argu-
mentation but the computational viability of generating an argument is an issue.
Here we propose ameliorating this problem by harnessing the notion of a connec-
tion graph to reduce the search space when seeking all the arguments for a claim
from a knowledgebase. For a set of clauses, a connection graph is a graph where
each node is a clause and each arc denotes that there exist complementary disjuncts
in the pair of nodes. For a set of formulae in conjunctive normal form, we use the
notion of the connection graph for the set of clauses obtained from the conjuncts
in the formulae. When seeking arguments for a claim, we can focus our search on
a particular subgraph of the connection graph that we call the focal graph. Locat-
ing this subgraph is relatively inexpensive in terms of computational cost. In addi-
tion, using (as the search space) the formulae of the initial knowledgebase, whose
conjuncts relate to this subgraph, can substantially reduce the cost of looking for
arguments. We provide a theoretical framework and algorithms for this proposal,
together with some theoretical results and some preliminary experimental results to
indicate the potential of the approach.

1. Introduction

Argumentation is a vital aspect of intelligent behaviour by humans. Consider diverse pro-
fessionals such as politicians, journalists, clinicians, scientists, and administrators, who
all need to collate and analyse information looking for pros and cons for consequences
of importance when attempting to understand problems and make decisions.

There are a number of proposals for logic-based formalisations of argumentation
(for reviews see [7,18,4]). These proposals allow for the representation of arguments for
and against some claim, and for counterargument relationships between arguments. In a
number of key examples of argumentation systems, an argument is a pair where the first
item in the pair is a minimal consistent set of formulae that proves the second item which
is a formula (see for example [2,11,3,1,12]). Proof procedures and algorithms have been
developed for finding preferred arguments from a knowledgebase using defeasible logic
and following for example Dung’s preferred semantics (see for example [5,20,17,14,6,
8,9]). However, these techniques and analyses do not offer any ways of ameliorating the
computational complexity inherent in finding arguments for classical logic.



Suppose we use an automated theorem prover (an ATP). If we seek arguments for a
particular claima, we need to post queries to the ATP to ensure that a particular set of
premises entails, that the set of premises is minimal for this, and that it is consistent.
So finding arguments for a claiminvolves considering subsedsof A and testing them
with the ATP to ascertain whethér - o and® I/ 1 hold. For® C A, and a formula
a, let 7« denote a call (a query) to an ATP.df classically entailgy, then we get the
answerd - «, otherwise we get the answér I/ «. In this way, we do not give the
whole of A to the ATP. Rather we call it with particular subsets/of So for example,
if we want to know if (®, o) is an argument, then we have a series of chlla, 71,

DN\ {41}?0,...0 \ {dr}?a, where® = {¢1,..,¢r}. So the first call is to ensure that
d I «, the second call is to ensure tlat/ |, the remaining calls are to ensure that there
is no subsef®’ of ® such that®’ - «. This then raises the question of which subdets

of A to investigate when we are searching for an argumentfdfioreover, if we want

to find all arguments for a claim if, in the worst case we need to consider all subsets
of A.

It is with these issues in mind that we explore an alternative way of finding all the
arguments from a knowledgebadefor a claima. Our approach is to adapt the idea of
connection graphs to enable us to find arguments. A connection graph [15,16] is a graph
where a clause is represented by a node and afpatc) denotes that there is a disjunct
in ¢ with its complement being a disjunctif In previous work [10], we have proposed
a framework for using connection graps for finding arguments. However, in that paper
we restricted consideration to knowledgebases of clauses and claims to being literals.
Furthermore, in that paper we did not give the algorithms for constructing the connection
graphs, but rather we focused on algorithms for searching through graph structures for
supports for arguments. Finally, we did not provide a systematic empirical evaluation
of the algorithms for constructing graphs. We address these three shortcomings in this
paper.

So, in this paper we propose algorithms for isolating a particular subset of the knowl-
edgebase which essentially contains all the subsets of the knowledgebase that can be
supports for arguments for a given claim. Initially we restrict the language used to a lan-
guage of (disjunctive) clauses and we describe how arranging a clause knowledgebase
in a connection graph structure can help focusing on a subgraph of the initial one that
corresponds to the subset of a knowledgebase connected to a given clause. Furthermore,
we illustrate how this approach can be generalised for a language of propositional for-
mulae in conjunctive normal form where the clauses of interest in this case are the con-
juncts of the negated claim for an argument. We describe how this method can be effi-
cient regarding the search space reduction and hence, the computational cost of finding
arguments. Finally, we present some experimental results illustrating how the software
implementation of these algorithms performs.

2. Preliminaries

In this section, we review an existing proposal for logic-based argumentation [3] together
with a recent proposal for using connection graphs in argumentation [10].

We consider a classical propositional language with classical deduction denoted by
the symbol-. We useA, @, ... to denote sets of formulaé, v . . . to denote formulae



anda,b,c... to denote the propositional letters each formula consists of. For the fol-
lowing definitions we first assume a knowledgebaséa finite set of formulae) and we

use thisA throughout. Furthermore we assume that each of the formulae®fn con-
junctive normal form (i.e. a conjunction of one or more disjunctive clauses). Wéuse

as a large repository of information from which arguments can be constructed for and
against arbitrary claims. The framework adopts a common intuitive notion of an argu-
ment. Essentially an argument is a set of relevant formulae fiothat can be used to
minimally and consistently entail a claim together with that claim. In this paper each
claim is represented by a formula represented in conjunctive normal form.

Definition 1. Anargumentis a pair (9, ¢) such that(1) ® C A, (2)  / L,(3) -
¢ and(4) thereisnod’ C ®s.t.9'F ¢.

Example 1. LetA = {-a,(maVb) Ac,(dVe)A f,mbAd, (=fVg)A(aV—e),—eV
e,~k VvV m,—m}. Some arguments aré{—a, (dVe) A f},-a A (dV e)), ({(—a V b) A
¢, b Ad},—a Ac), ({—a}, —a), ({-bAd},d).

We now turn to how the notion of connection graphs can be harnessed for focusing
the search for arguments. In this section we restrict consideration to clause knowledge-
bases as follows.

Definition 2. A language of clauses is composed from a set of atomdsas follows:
If « is an atom, therw is a positive literal, and —« is a negative literal. If 5 is a
positive literal, org is a negative literal, thew is aliteral . If 34, .., 3,, are literals, then
BV ...V (B, is aclause A clause knowledgebases a set of clauses.

We introduce relations on the elementothat will be used to determine the links
of graphs. We start by introducing tigsjuncts function which will be used for defining
the attack relations between pairs of clauses.

Definition 3. TheDisjuncts function takes a clause and returns the set of disjuncts in
the clause, and hend@isjuncts(61 V .. V 8,) = {51, .-, Bn }-

Definition 4. Let¢ and+ be clauses. Themreattacks(¢,v) = {3 | B € Disjuncts(¢)
and—j € Disjuncts(¢) }.

Example 2. Preattacks(a V =bV =c¢V d,a VbV =dV e) = {-b,d}, Preattacks(a V
bV =dVeaV-bV-cVd = {b-d}, Preattacks(a VbV —-d,a VbV c) = 0,
Preattacks(a VbV —d,a VbV d) = {—d}, Preattacks(a VbV —d, eV cV d) = {—d}.

Definition 5. Let ¢ and ¢ be clauses. IPreattacks(¢,v) = {B} for somep, then
Attacks(¢, 1) = [ otherwiseAttacks(¢,v) = null.

Example 3. Attacks(aV—-bV-cVd, aVbV—dVe) = null, Attacks(aVbV—d,aVbVe) =
null, Attacks(a VbV —d,a VbV d) = —d, Attacks(a VbV —d, eV ¢V d) = —d.

Hence, thePreattacks relation is defined for any pair of clauses:y while the
Attacks relation is defined for a pair of clausesi for which |Preattacks(¢, v)| = 1.

We now introduce some types of graphs where each node corresponds to a clause and
the links between each pair of clauses are determined according to the binary relations
defined above. In the following examples of graphs we usethg’, \ and —
symbols to denote arcs in the pictorial representation of a graph.



Definition 6. Let A be a clause knowledgebase. Tdamnection graphfor A, denoted
Connect(A), is a graph(N, A) whereN = A and A = {(¢,v) | thereisasd €
Disjuncts(¢) such that3 € Preattacks(¢, ) }.

Example 4. The following is the connection graph fo&r = {—b, ~¢V —g, —¢, fVp, =LV
=k,aVb,—=bVd,cVg,—hVI INVk,—aVd,—d,—g, hV=l, =k, nVm\V-q, —m,-n,m,q}

=b —cV g —c -hVIl — =lV -k nVvmV g
| N | |
aVb — -bvd cVyg hv =l —IVE -m —m q
| | | | |

—aVd — —d —g fVvp =k m

The attack graph defined below is a subgraph of the connection graph identified
using theAttacks function.

Definition 7. Let A be a clause knowledgebase. Tatack graph for A, denoted
AttackGraph(A), is a graph(V, A) whereN = A and A = {(¢,¢) | thereisas
€ Disjuncts(¢) such thatAttacks(¢, ¢) = 8}.

Example 5. Continuing Example 4, the following is the attack graphfar

—-b —cV g —c —hVI — =LV -k nvVvmV g
| | o
aVb — —-bVvd cVg hv =l —IVE -n —-m q
| | | | |

—aVd — —d —g fVvp -k m

The following definition of closed graph introduces a kind of connected subgraph
of the attack graph where for each claysim the subgraph and for each disjuritin ¢
there is another clausgin the subgraph such thattacks(z, ¢) = 5 holds.

Definition 8. Let A be a clause knowledgebase. Ttlesed graphfor A, denoted
Closed(A), is the largest subgraptiN, A) of AttackGraph(A), such that for each
¢ € N, for eachg € Disjuncts(¢) there is a € N with Attacks(¢,v) = 3.

Example 6. Continuing Example 5, the following is the closed graphZor

—b e nVvVm\V g
| | o
aVb — -bvd cVg -n —m q
| | | |

—aVd — —d -g m

The focal graph (defined next) is a subgraph of the closed graph fathich is
specified by a clause from A and corresponds to the part of the closed graph that
containsy. In the following, we assume a component of a graph means that each node in
the component is connected to any other node in the component by a path.

Definition 9. Let A be a clause knowledgebase andbe a clause imA which we call
the epicentre Thefocal graph of ¢ in A denotedFocal(A, ¢) is defined as follows: If



there is a componenkX in Closed(A) containing the node, thenFocal(A, ¢) = X,
otherwiseFocal(A, ¢) is the empty graph.

Example 7. Continuing Example 6, the following is the focal graph-ofin A,

b
|

aVb — -bvd

—aVd — -d

The last example illustrates how the notion of the focal graph of an epicgimra
can be used in order to focus on the part of the knowledgebase that is relegahater
we will describe why the focal graph is important when it relates to a claim and how it
can be used to reduce the search space when looking for arguments from propositional
knowledge in conjunctive normal form.

Proposition 1. Let A be a set of clauses. Thetty;,v; € A, eitherFocal(A,~;) and
Focal(A, ;) are the same component or they are disjoint components.

3. Algorithm for finding the focal graph

In this section we present the algorithm (Algorithm 1) that returns the set of nodes
of the focal graph of an epicentrein a clause knowledgebage The GetFocal(A, ¢)
algorithm finds the focal graph of in A by a depth first search following the links
of the component of th&ttackGraph(A) that is linked tog. For this, we have a data
structureNode,, (for eachyy € A) that represents the node fgrin AttackGraph(A).

The attack graph can be represented by an adjacency matrix. Initially all the nodes are
allowed as candidate nodes for the focal grapkpaf A, and then during the search
they can be rejected if they do not satisfy the conditions of the definition for the fo-
cal graph. The algorithm chooses the appropriate nodes by using the boolean method
isConnected(C, Node,,) which tests whether a nod€ode,, of the attack graplf’ =

(N, A) is such that each literad € Disjuncts(¢) corresponds to at least one arc to an
allowed node (i.eV € Disjuncts(t), 3N ode, € AllowedNodes s.t. Attacks(1, ¢') =

B), and so it returns false when there is3ac Disjuncts(v) for which there is no
Nodey € AllowedNodes s.t. Attacks(z), ¢’) = (. If this method does return false for
aNodey, thenNode,, is rejected and the algorithm backtracks to retest whether its ad-
jacent allowed nodes are still connected. If some of them are no longer connected, they
are rejected and in the same way their adjacent allowed nodes are tested recursively.

In the next section we show how this algorithm can be used for the generalised prob-
lem of finding arguments for any propositional formula when expressed in conjunctive
normal form.

4. Using the focal graph algorithm for formulae in conjunctive normal form

To explain how the restricted language of clauses and Algorithm 1, can be used to deal
with formulae (and thereby extend the proposal in [10]) we will first give some new



Algorithm 1 GetFocal(A, ¢)

LetC = (N, A) be the attack graph fak and¢
Let AllowedNodes = {Nodey, | € N}
Let VisitedNodes be the empty set.

if ¢ ¢ A or—isConnected(C, Nodey) then
return 0
else
Let S be an empty Stack
pushNode, onto S
end if
while S is not emptydo
Let Node,, be the top of the stack S
if Nodey € AllowedNodes then
if isConnected(C, Node,) then
if Node, € VisitedNodes then
pop Node,, from S
else
VisitedNodes = VisitedNodes U { Node,; }
pop Node,, from S
for all Node, € AllowedNodes with Attacks(v, ') # null do
pushNode, onto S
end for
end if
else
AllowedNodes = AllowedNodes \ { Node, }
VisitedNodes = VisitedNodes U { Node,; }
pop Node,, from S.
for all Node, € (AllowedNodes \ VisitedNodes) with Attacks(v, ¢") # null
do
pushNode, onto S
end for
end if
else
pop Node,, from S
end if
end while
return AllowedNodes N VisitedNodes

subsidiary definitions. For the following we assume a formula is in conjunctive normal
form and a set of formulae contains formulae in conjunctive normal form.

Definition 10. Lety = v1 A ... Ay, be a formula. Th€onjuncts(v) function returns
the clause knowledgebase;, ..., v, }-

Example 8. For ¢ = (aVb) A(aVdV —c) A—e, Conjuncts(¢) = {aVb,aVdV—c,—e}.

Definition 11. Let® = {¢1,..., ¢r} be a set of formulae. THetConjuncts(®) func-
tion returns the union of all the conjuncts of the formulae from theSg€onjuncts(®) =



Ug,ca Conjuncts(e;).

Example 9. For @ = {—a, (aVb)A—d, (cVd) A(eV fV—g),—d}, SetConjuncts(®) =
{=a,aVb,~d,cVd,eV fV-g}

Lety = §; A ... A d, be aformula and le denote the conjunctive normal form
of the negation ofs, and soy = 71 A ... A v, = . Then, if we seek supports for
arguments fory from a knowledgebas® = {¢,, ..., ¢}, instead of searching among
the arbitrary subsets df, we can search among the subset® tfiat consist of formulae
whose conjuncts are contained in one of the focal graphs ofgant$etConjuncts(® U
{+}). For this we need the notion of tis&bFocus and theSupportBase defined next.

Definition 12. Let® be a knowledgebase ande ®. Then for eachy; € Conjuncts(v)),
SubFocus(®, ;) = Focal(SetConjuncts(®), ;).

Example 10. Let® = {(aVb)A(fVp)A—c, (maVd)A(—eV—g), ~d, ~dA(-hVI), g
(=hV1),cVg, g, —b, =bVd, IV k, mA(=lV=-k), kA (nVmV—q), hV -l =mA-n, mA
q}. Then,Conjuncts(®) is equal toA from example 4. Let = (aVb) A (f Vp) A—e, and
let; denotex Vb, 2 denotef Vp andys denote-c. So, ifSubFocus(®,v1) = (N1, A1),
SubFocus(®, ;) = (N2, A3) andSubFocus(®, v3) = (N3, As) thenN; = {a Vb, ~aV
d,~d,=b,=bV d}, No =0, and N3 = {—c,cV g, —g}.

The following definition introduces the notion of the query graph of a formula
in a knowledgebas@, which is a graph consisting of all the subfocuses of each of the
7; € Conjuncts(v)) in Conjuncts(® U {¢}). For a graphC = (N, A) we let the func-
tion Nodes(C') return the set of clauses corresponding to the nodes of the graph (i.e.
Nodes(C') = N).

Definition 13. Let® be a knowledgebase andbe a formula. Theuery graph of ¢ in
® denotedQuery(®, v) is the closed graph for the nodes

U Nodes(SubFocus(® U {%},7:))

~; €Conjuncts(v)

Example 11. Let®’ = {(-a V d) A (m¢ V —g),~d,~d A (=h V 1),qg A (=h V1),cV
g,7g, b, =bV d, IV k,mA(=lV=k), kA nVmV-q),(hV-l),-mA-nmAq}
andlety) = (maV—fVe)A(maV-pVe)A(=bV=fVe)A(=bV-pVe). For ® andy
we have) = (a Vv b) A (f V p) A —c, which is equal tap from Example 10 and’ U {¢}
is equal to® from Example 10. Hence, continuing Example 10, the query graghiof
® is presented below and consists of the subgrgphs A4, ), (N2, A3) and (N5, A3).

) —c

| |
aVb — —-bvd cVyg

| | |
—aVd — —d —g

Hence, using each of the conjunetsof ¢ as the epicentre for the focal graph in
SetConjuncts(® U {1}) we obtain the components of the query graphidh ®. The
following definition introduces the notion of a zone, which relates each clause from each
such subfocus to one or more formulae from knowledgelbase



Definition 14. Let ® be a knowledgebase and be a formula. Then, for each; €

Conjuncts(v)),

Zone(®, ;) = {¢ € ® | Conjuncts(¢) N Nodes(SubFocus(® U {1}, ;) # 0}.

Example 12. Continuing Example 11, for each € Conjuncts(¢)),i = 1...3 we have
Zone(®', 1) = {(—aVd) A (—cV—g),~d, =b, =bVd,~dA(—-hVI)}, Zone(P' v2) = 0
andZone(®',v3) = {c¢V g, g}

The supportbase defined next, relates the clauses from the query graph of a formula
1 in a knowledgebas@ to the corresponding set of formulae fram

Definition 15. For a knowledgebas@ and a formulay the supportbase is given as
follows:

SupportBase(®, 1)) = U Zone(®, ;)

~; €Conjuncts(3)

Example 13. Continuing Example 11SupportBase(®,v) = {(-a V d) A (mc V
=g),~d, b, =bV d,~d A (=hVI),cVg,~g}

According to the following proposition, tH&upportBase(®, v) defined above is the
knowledgebase that contains all the argumentg folom .

Proposition 2. Let® be a knowledgebase andbe a formula. If{¥, 1)) is an argument
from® and¥ C &, then®¥ C SupportBase(®, v)).

Hence, by Proposition 2 it follows that instead of using the power set of the initial
knowledgebas@ in order to look for arguments fap, we can use the power set of
SupportBase(®, ¢). Using these definitions, we can introduce the additional algorithms
that delineate the extension of the language of clauses used in previous sections and the
use of Algorithm 1 to support a language of propositional formulae in conjunctive normal
form. These are Algorithm 2 and Algorithm 3. Since our problem is focused on searching
for arguments for a claing, the part of the knowledgebase that we want to isolate will
be delineated by and, in particular, by the conjuncts gf Algorithm 2 returns the
query graph ofy in ® as a set containing all thgubFocus(® U {+}, ;) components
for eachy; € Conjuncts(). Then, Algorithm 3 uses these results in order to retrieve
the set of formulae from the initial knowledegbase to which each such set of conjuncts
corresponds. So, Algorithm 3 returns a set of sets, each of which represents a zone for

eachry; € Conjuncts(t). The union of all these sets will BipportBase(®, ).
In Algorithm 2 we can see that it is not always necessary to use Algorithm 1 for

each of they; € Conjuncts(¢)) when trying to isolate the appropriate subsetsbof
Testing for containment of a clausg € Conjuncts(¢) in an already retrieved set
SubFocus(® U {1},v),i < j (where the ordering of the indices describes the or-
der in which the algorithm is applied for each of the conjuncts) is enough to give the
SubFocus(® U {1}, ~;) according to proposition 1. Furthermore, according to the fol-
lowing proposition, conjuncts af within the samé&ubFocus correspond to the same set

of formulae from®.



Algorithm 2 GetQueryGraph(®, )

Letyybe—)iNnCNF: ) =~y A... A,
Let S be a set to store sets of clauses, initially empty
Let Clauses = SetConjuncts(® U {¢})
fori=1...mdo
if HSJ € Ss.ty € Sj then
1=14+1
else
S; = GetFocal(Clauses, ;)
end if
S=SuU{sS;}
end for
return S

Proposition 3. Let ® be a set of formulae and let be a formula. If SubFocus(® U
{¥},vi) = SubFocus(®U{®}, ;) for somey;,~y; € Conjuncts(y), thenZone(®, ;) =
Zone(®, ;).

The converse of the last proposition does not hold as the following example illus-
trates.

Example 14. For ® = {(c¢Vg)Ad,dV f,—q, (AVp)A f,—n, kV—-m}andy = ¢V gVd
we have) = —=cA—g A —-dandN; = SubFocus(® U {¥}, —~c) = {—¢,~g,cV g}, No =
SubFocus(® U {9}, ~g) = {~c,~g,cV g} = Ny and N3 = SubFocus(® U {1}, ~d) =
{—d, d}. Furthermore,Zone(®, —c) = Zone(®,~g) = Zone(®,~d) = {(cV g) A d}
althoughN3 # Ny and N3 # Nj.

Hence, conjuncts of with the same focal graph correspond to the same support-
base. Taking this into account, the following algorithm retrieves all the supportbases for

eachry; € Conjuncts()).

Algorithm 3 RetrieveZones(®, )
Let Z be a set to store sets of formulae, initially empty
Let S = GetQueryGraph(®,¢) = {S1,..., Sk}
fori=1...kdo
Let Z; be the emptyset.
forj=1...|5;|do
Let~; be the j-th element of;
LetC; = {¢ € ® | v; € Conjuncts(¢)}
Zi=Z;UC;
end for
Z=7ZU{Z;}
end for
return 7

So, Algorithm 3 returns a set of sets, corresponding to all the possible zones identi-

fied by all they; € Conjuncts(v). The union of all these sets will BaipportBase(®, v).



Instead of looking for arguments fgramong the arbitrary subsetsSfpportBase(®, ¢),
we can search the power set of each non erdptye(®, v;) separately as the following
proposition indicates.

Proposition 4. Let @ be a knowledgebase angbe a clause. I{ ¥, ¢) is an argument

from @, then there is ay; € Conjuncts(¢)) s.t¥ C Zone(®, ;).

In future work we plan to address the efficiency of using the subsets of each zone
separately instead of using the power set of the supportbase in our search for arguments.
We conjecture that this will improve the performance on average for finding arguments.

5. Experimental results

This section covers a preliminary experimental evaluation of algorithm 1 using a proto-
type implementation programmed in java running on a modest PC (Core2 Duo 1.8GHz).

The experimental data were obtained using randomly generated clause knowledge-
bases of a fixed number of 600 clauses according to the fixed clause length model K-SAT
([19,13]) where the chosen length (i.e. K) for each clause was either a disjunction of 3
literals or a disjunction of 1 literal. The clauses of length 3 can be regardedessand
clauses of length 1 dacts. Each disjunct of each clause was randomly chosen out of a
set of N distinct variables (i.e. atoms) and negated with probability 0.5.

In the experiment, we considered two dimensions. The first dimension was the
clauses-to-variables ratio. For the definition of this ratio we take the integer part of the di-
vision of the number of clauses ik by the number of variable¥ (i.e. [|A|/|N|]). The
second dimension was the proportion of facts-to-rules in the knowledgebases tested. The
preliminary results are presented in Figure 1 where each curve in the graph corresponds
to one of those variations on the proportion of facts-to-rules. More precisely, each curve
relates to one of the followingy:, n’) tuples where: represents the number of facts and
n' represents the number of rules in the set: (150,450), (200,400), (300,300), (400,200),
(450,150). Since each clause knowledgebase contains 600 elements, each of these tuples
sums to 600. Each point on each curve is the average focal graph size from 1000 repeti-
tions of running Algorithm 1 for randomly generated epicentres and randomly generated
knowledgebases of a fixed clauses-to-variables ratio represented by coordifaitéhe
results presented, since the values on axianges from 1 to 15, the smallest number
of variables used throughout the experiment was 40 which corresponds to a clauses-to-
variables ratio of 15, while the largest number of variables used was 600 which corre-
sponds to a clauses to variables ratio of 1.

The evaluation of our experiment was based on the size of the focal graph of an
epicentre in a clause knowledgebase compared to the cardinality of the knowledgebase.
For a fixed number of clauses, the number of distinct variables that occur in the disjuncts
of all these clauses determines the size of the focal graph. In Figure 1 we see that as the
clauses-to-variables ratio increases, the average focal graph size also increases because
an increasing clauses-to-variables ratio for a fixed number of clauses implies a decreas-
ing number of variables and this allows for a distribution of the variables amongst the
clauses such that it is more likely for a literal to occur in a clause with its opposite oc-
curing in another clause. We have noticed in previous experiments [10] that for a clause
knowledgebase consisting of 3-place clauses only, an increasing clauses-to-variables ra-



600

facts/rules=1/3

v facts/rules=1/2

2 facts/rules=1/1

O facts/rules=2/1

400 — 3¢ facts/rules=3/1

average focal graph size

100 —

clauses-to-variables ratio

Figure 1. Focal graph size variation with the clauses-to-variables ratio

tio in the rangéd5, 10] ameliorates the performance of the system as itincreases the prob-
ability of a pair of clause®, 1) from A being such thafPreattacks(¢, )| > 1. This is
because a ratio in this range makes the occurrence of a variable and its negation in the
clauses of the set so frequent that it allows #teacks relation to be defined only on

a small set of clauses from the randomly generated clause knowledgebase. In the graph
presented in this paper though, this is less likely to happen as the clause knowledgebases
tested involve both facts and rules.

Including literals (facts) in the knowledgebases used during the experiment makes
the repeated occurrence of the same fact and its complement in the randomly generated
clause knowledgebases, and hence in the subsequent focal graph, more frequent. It is for
this reason that the curves with lower facts-to-rules proportion have a lower average focal
graph (for each clauses-to-variables ratio). The symlmm each of the curves indicates
the highest possible clauses-to-variables ratio that would allow for a randomly generated
clause knowledgebase consisting of the corresponding proportion of facts and rules to
contain only distinct elements. Hence, for the data presented in this graph, the largest av-
erage focal graph of a randomly generated clause in a randomly generated clause knowl-
edgebase of 600 distinct elements has the value 343.99 which corresponds to 57% of
the initial knowledgebase. The values of the parameters with which this maximum is
obtained correspond to a clauses-to-variables ratio equal to 4 on knowledgebases with a
1 to 1 proportion of facts-to-rules.

The average time for each repetition of the algorithm ranged from 6.3 seconds (for
a facts-to-rules proportion of 1-3) to 13.8 seconds (for a facts-to-rules proportion of 3-
1). So, the results show that for an inexpensive process we can substantially reduce the
search space for arguments.



6. Discussion

In this paper, we have proposed the use of a connection graph approach as a way of
ameliorating the computation cost when searching for arguments. We have extended the
theory and algorithms proposed in previous work [10] for a language of clauses so as to
deal with any set of propositional formulae provided that these are represented in con-
junctive normal form. We have provided theoretical results to ensure the correctness of
the proposal, and we have provided provisional empirical results to indicate the potential
advantages of the approach.
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